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Abstract—Passive activity recognition of home occupants has
become a very hot topic in the area of radio communications,
as it enables the development of cutting-edge healthcare mon-
itoring solutions. Thanks to ubiquitous radio waves, such as
WiFi signals, at today’s homes, one can process radio waves
reflected off a person’s body for identifying certain mobility
patterns. This new approach ignores the need for any wearable
sensors. This paper reports a challenging indoor radio channel
measurement campaign at 5.9 GHz, which has been conducted to
study the impact of walking persons on the temporal and spectral
properties of the channel. In particular, the time-frequency
distribution of the channel has been investigated by spectrogram
analysis. It is shown that the spectrogram not only contains
fingerprint information of the walking activity, but also allows
for the discrimination of two different walking persons. Similar
observations can hardly be made by standard techniques based
on the analysis of temporal variations of the received channel
envelope. The results presented in the paper are useful for the
development of passive activity recognition algorithms.
I. INTRODUCTION
Worldwide, nearly 3.2 million deaths per year are being
attributed to inactivity [1]. Adding the increase of global
average life expectancy by 5 years from 2000 and 2015, the
levels of chronic health conditions are increasing, and the
levels of physical activities are declining. The inactivity of
elderlies increases the risk of fall incidents. According to the
World Health Organization [1], around one third of people
aged 65+ years fall at least twice a year. Such incidents come
often with serious physical injuries followed by hikikomori
(extreme social isolation), if not kodokushi (long-term undis-
covered lonely death). This increases the demand for in-home
activity monitoring of elderly people, such that their privacy
and comfort do not be affected by, e.g., wearable sensors
and/or vision sensors [2].
Such a global demand has triggered a new approach to
health surveillance that employs radio waves reflected off the
human body to detect user activity without any need for their
active involvement. The new approach is indeed a passive
indoor radar solution that transmits radio waves throughout the
propagation environment, while fingerprints of the user activi-
ties on those waves are collected and processed at the receiver.
This process can range from measuring the overall physical
activity, through counting the number of upward/downward
steps, up to detecting irregular activities such as fall inci-
dents [3], [4]. The challenge of the new approach is threefold.
Firstly, the channel characteristics must be collected and pre-
processed in response to the person’s activities. Secondly,
sophisticated signal processing techniques must be applied
to these characteristics to extract the fingerprint information
from user activity. Thirdly, robust detection algorithms must be
designed to distinguish similar activities. This paper addresses
the first and the second challenges, which have not been
sufficiently studied in the literature. In [5], the signal strength
data collected from a radio frequency identification (RFID)
sensor was employed for activity recognition purposes. An
ultra-wide band (UWB) sensor with an operating frequency
between 3.1 GHz and 5.6 GHz was used in [6] to detect fall
incidents based on the temporal characteristics of the channel.
The impact of human activity on the temporal properties of
the channel was also studied in [7]. In addition, a more
theoretical study on the influence of walking people on the
Doppler spectral characteristics of indoor channels can be
found in [8]. The WiTrack system employs a multiple antenna
frequency modulated carrier wave radar with a total bandwidth
of 1.69 GHz to track a person’s 3D movements from the
radio signals reflected off the body [9]. In this paper, we
report an in-home channel measurement campaign performed
in a typical Norwegian house using a radio channel sounder
operating at 5.9 GHz. To reveal the time-frequency behavior of
the channel, a spectrogram analysis has been performed on the
channel impulse response (CIR), estimating the Doppler power
spectrum in time. It is demonstrated that the spectrogram
is imprinted by the walking activity of a moving person.
It is shown that the impacts of two different persons on
the spectrogram are also visible and distinguishable. Useful
information about the trajectory of the performer(s) is also
contained into the spectrogram. In contrast, it is shown that the
channel envelope does not reveal such detailed information.
The remainder of this paper is organized as follows. The radio
channel sounder and the experimental setups are introduced
in Section II. Section III outlines the theoretical background
of the conducted time-frequency analysis, while Section IV
illustrates the obtained characteristics and interprets the results.
Finally, Section V concludes the paper.
II. MEASUREMENT SETUP
System: A research radio channel sounder developed at the
Norwegian University of Science and Technology (NTNU)
Fig. 1. A schematic presentation of the propagation environment, illustrating
Trajectory 𝑇1 and 𝑇2 of the performers, as well as the position (red solid-line
circles) of the Tx/Rx antennas.
and owned by Super Radio AS (university spin-off) was used
to conduct the measurement campaign. The channel sounder
employs the time-division multiplexing technique, operates at
5.9 GHz, and records the time-variant (TV) channel transfer
function (CTF). The signal bandwidth is 100 MHz, allowing
for a sampling frequency 𝑓𝑠 of 200 MHz. Both the transmitter
(Tx) and the receiver (Rx) are equipped with single omni-
directional antennas. The Tx is configured to transmit 6187
chirps per second, while each chirp contains 512 samples.
Environment: The campaign was conducted in the living room
of a typical two-story Norwegian house located in Grimstad,
Norway. The foundation of the building is concrete, while
the rest of the structure is mainly wood. The living room is
on the first floor with an area of about 36 m2 and a ceiling
height of 2.4 m. The room has standard furniture, such as a
sofa set, sofa table, fireplace, library, etc. A schematic plot of
the measurement setup/environment is shown in Fig. 1. The
figure also contains the approximate trajectories 𝑇1 and 𝑇2 of
the two users. Scenarios: The Tx and Rx were located almost
in the middle of the room, but at different heights. The Tx was
placed on the floor, having a line-of-sight to the Rx mounted
on below the ceiling at the height of 2.2 m. The red solid-line
circle
⊙ (⊗) in Fig.1 depicts the position of the Rx (Tx) in
the considered setting.
The radio channel measurements for three scenarios were
carried out with two actors (P1, P2), both approx. 1.78 m tall.
The three scenarios are designed as follows: Reference: P1
and P2 stay out of the living area, where no physical activities
take place. This scenario provides a benchmark for comparing
the properties of the stationary channel to those of the non-
stationary channels. Walking 1: P2 stays out of the living
area, while P1 walks slowly along the trajectory 𝑇1 from the
fireplace towards the window (see Fig. 1) and stops when he
arrives there. Walking 2: P1 and P2 walk slowly along the
trajectories 𝑇1 and 𝑇2, respectively, and stop when each of
them arrives. The presence of very slow moving scatterers is
inevitable. For instance, two system operators and a reporter
were also in the room, but they were asked to stay stationary
working with their laptops out of the living area.
III. ANALYSIS METHODOLOGY
The raw data that the channel sounder measures is the TV
CTF 𝐻(𝑓 ′, 𝑡). The corresponding TV CIR ℎ(𝜏 ′, 𝑡) can be
obtained by taking the inverse Fourier transform of 𝐻(𝑓 ′, 𝑡)
with respect to 𝑓 ′. The TV CIR can be expressed by the fol-
lowing sum ℎ(𝜏 ′, 𝑡) =
∑𝑁
𝑛=1 𝜇𝑛(𝑡)𝛿(𝜏
′ − 𝜏 ′𝑛(𝑡)), in which 𝑁
is the total number of multipath components, 𝜇𝑛(𝑡) represents
the TV complex gain of the 𝑛th path, 𝛿(⋅) denotes the Dirac
delta function, and 𝜏 ′𝑛(𝑡) describes the TV propagation delay
associated with the 𝑛th propagation path. The complex channel
gain is 𝜇(𝑡) is obtained by integrating ℎ(𝜏 ′, 𝑡) with respect to
𝜏 ′.
A very practical approach to study the time-frequency distri-
bution of non-stationary channels is to perform a spectrogram
analysis on the complex channel gain. This is done by first
multiplying 𝜇(𝑡′) with a sliding window function 𝑤(𝑡′ − 𝑡),
i.e., 𝑥(𝑡′, 𝑡) = 𝜇(𝑡′)𝑤(𝑡′ − 𝑡), where 𝑤(𝑡) is a positive even
function with unit energy, and then applying the Fourier trans-
form to the windowed signal 𝑥(𝑡′, 𝑡) with respect to 𝑡′, i.e.,
𝑋(𝑓, 𝑡) =
∫∞
−∞ 𝑥(𝑡
′, 𝑡)𝑒−𝑗2𝜋 𝑓𝑡
′
𝑑𝑡′. The spectrogram 𝑆𝑥𝑥(𝑓, 𝑡)
is then defined as the squared magnitude of the short-time
Fourier transform 𝑋(𝑓, 𝑡), i.e., 𝑆𝑥𝑥(𝑓, 𝑡) = ∣𝑋(𝑓, 𝑡)∣2, which
estimates the power spectral density of the Doppler frequencies
in time. Herein, we employ a Gaussian window function 𝑤(𝑡),
with a window spread parameter set to 𝜎𝜔 = 50ms.
IV. MEASUREMENT RESULTS
Fig. 2 illustrates the channel envelope ∣𝜇(𝑡)∣ and the spec-
trogram 𝑆𝑥𝑥(𝑓, 𝑡) of the process 𝜇(𝑡) corresponding to the
Reference scenario and the Walking 1 scenario. Comparing
Figs. 2 (a) and (c), it is clear that the variation of the channel
in the reference scenario is significantly less than that of the
walking scenario. However, explaining the measured channel
envelope is not straightforward, as it shows just typical small-
scale fading behaviour. In contrast, the spectrogram of the
channel contains useful information about the propagation
environment and the motion of its elements in time. Fig. 2 (b)
shows the spectrogram of the reference scenario, in which the
zero frequency components all along the time axis confirms
that the propagation area is stationary. The near-zero frequen-
cies are artefact caused by the limited frequency resolution
of the spectrogram. Slow movements of operators’ hands
and even their heartbeat can be another reason for the near-
zero frequency components. The spectrogram of the channel
associated with the Walking 1 scenario is shown in Fig. 2(d),
in which we have filtered out the impact of fixed objects.
This plot reveals the mobility pattern of the performer in the
following manner. The person starts accelerating from a zero
speed to a maximum walking speed (around 1 m/s), while
approaching the Tx/Rx. This results in positive Doppler shifts
of about 20 Hz at 𝑡 = 2 s. As the person keeps walking along
𝑇1 (see Fig. 1), the arriving/departing waves become almost
perpendicular to the direction of motion, resulting in near-zero
Fig. 2. The channel envelope ∣𝜇(𝑡)∣ of the (a) Reference and (c) Walking 1
scenarios, as well as the spectrogram 𝑆𝑥𝑥(𝑓, 𝑡) of the (b) Reference and (d)
Walking 1 scenarios.
Fig. 3. The channel envelope ∣𝜇(𝑡)∣ of the (a) Walking 2 scenario, as well
as the spectrogram 𝑆𝑥𝑥(𝑓, 𝑡) of the (b) Walking 2 scenario.
Doppler frequencies at around 𝑡 = 5 s. As the person leaves
the vicinity of the Tx/Rx, the negative Doppler shifts appear.
Finally, the deceleration of P1 to a complete stop at the end
of 𝑇1 leads to a zero Doppler shift (already filtered) at about
𝑡 = 9 s.
Fig. 2 exhibits the channel envelope ∣𝜇(𝑡)∣ and the spectro-
gram 𝑆𝑥𝑥(𝑓, 𝑡) of the complex channel gain 𝜇(𝑡) associated
with the Walking 2 scenario. Once again, it can be confirmed
that the variation of the channel envelope (see Fig. 3 (a)) is
considerably larger than that of the Reference scenario (see
Fig. 2 (a)). In addition, the ongoing activity can hardly be
explained in the illustrated channel envelope. However, the
corresponding spectrogram in Fig. 3 (b) reveals the impact of
the two moving persons on the time-frequency distribution of
the channel. We have marked the contribution of each per-
former in Fig. 3 (b). The performer P1 walks along 𝑇1 similar
to what he did in the Walking 1 scenario. The fingerprints
of P1 on the spectrogram shown in Fig. 3 (b) can thus be
explained as before (see the interpretation of Fig. 2 (d)). In
the Walking 2 scenario, the performer P2 walks along a longer
path, i.e., 𝑇2, taking more time to approach the vicinity of the
Tx/Rx, where the Doppler shifts are close to zero due to the
perpendicularity of the arriving/departing waves. Therefore,
for the first 10 s, P2 contributes with positive Doppler shifts as
can be observed in Fig. 3 (b). By approaching and then leaving
the vicinity of the Tx/Rx, negative Doppler frequencies appear
(see 10 < 𝑡 < 13 in Fig. 3 (b)). The performer P2 finally
stops at the end of 𝑇2, characterized by vanishing Doppler
shifts at about 𝑡 = 15 s. We remark that cross-terms, as the
artefact of the spectrogram analysis, might slightly affect the
interpretation of the results.
V. CONCLUSION
This paper has characterized the time-frequency behaviour
of an in-home radio channel using experimental data collected
from a measurement campaign at 5.9 GHz. The main goal of
the experiment was to study the impact of walking persons
on the radio channel characteristics. It is shown that unlike
the channel envelope, the spectrogram contains very useful
information about the propagation area and its changes due to
the walking activity. Moreover, it is shown that the impact
of two different walking persons on the channel’s time-
frequency distribution is distinguishable. It is also shown that
the non-stationarity of the channel can hardly be assessed
by observing the channel envelope. To better understand the
impact of people on the channel characteristics, more channel
measurement campaigns at other frequency bands are required.
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